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Abstract: Optical coherence tomography (OCT) is widely used in ophthalmic diagnosis and adjuvant therapy, but
its imaging quality is inevitably affected by speckle noise and motion artifacts. This article proposes a multi teacher
knowledge distillation network MK-OCT for OCT super-resolution tasks, which uses teacher networks with different
advantages to train balanced, lightweight, and efficient student networks. The use of efficient channel distillation
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method ECD in MK-OCT also enables the model to better preserve the texture information of retinal images,

meeting clinical needs. The experimental results show that compared with classical super-resolution networks, the

model proposed in this paper performs well in both reconstruction accuracy and perceptual quality, with smaller

model size and less computational complexity.

Keywords: medical images; optical coherence tomography images; super-resolution; knowledge distillation;

contrastive learning
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A1 ARy HERRE AIEEEE T YA

Table 1 Average performance of various super-resolution models after x4 reconstruction

Size FLOPs Dataset 1 Dataset 2
Method
/MB G PSNR SSIM LPIPS PI PSNR SSIM LPIPS PI
Bicubic 28.12 0.7811 0.412 6.795 28.43 0.7730 0.422 6.579
SRCNN 0.2 0.23 28.59 0.8003 0.404 6.355 28.79 0.7986 0.398 6.297
CSD 12.16 122.1 30.95 0.8142 0.310 5.677 30.90 0.8119 0.327 5.802
IMDN 2.65 419 31.24 0.8217 0.226 5.553 31.21 0.8220 0.230 5.608
RFDN 1.59 32.0 31.67 0.8262 0.220 5.217 31.78 0.8217 0.217 5.139
MK-OCT (Ours) 1.41 29.8 32.93 0.8460 0.149 4.521 32.90 0.8443 0.143 4.443
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Fig. 6 Results of super-resolution reconstruction
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Table 2 Quantitative evaluation of student networks under different conditions after x4 reconstruction

Single-teacher

Dataset Metric HR-Syx None-CL
TPSNR TP\
PSNR 31.27 32.88 32.77 32.88
SSIM 0.8238 0.8459 0.8396 0.8457
Dataset 1
LPIPS 0.230 0.217 0.142 0.150
Pl 5.593 5.440 4.457 4.608
PSNR 31.33 32.87 32.81 32.86
SSIM 0.8178 0.8424 0.8411 0.8420
Dataset 2
LPIPS 0.214 0.209 0.140 0.148
Pl 5.146 5.129 4.561 4.670

NEIE MK-OCT Bz ALfE S, AN UM [RIERA PSNR A PL B8 ok b g, JRHas
MICCAI HRB} B 2 UG A M iF i 25 1 OCT MM RBITE 3 b AT HAt33 2, MK-OCT 7E PSNR
KIfgrb, BEHLEIECT 100 XFEGAE AIRAE, R PL EXAEE, 5800l T MK-OCT iR B AT R 4
SRR UEAT T 2 MM 4 R R, RO IKREDT.
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Table 3 Average PSRN and PI values of various super-resolution models after reconstruction
PSNR Pl
Method
x2 x4 x2 x4

SRCNN 33.67 28.79 4.667 6.033
CSD 34.22 29.98 4.109 5.820
IMDN 35.90 31.06 4.233 5.709
RFDN 35.89 31.77 4.059 5.455
MK-OCT (Ours) 36.20 32.58 3.979 5.103
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Super-resolution reconstruction of retinal OCT
image using multi-teacher knowledge
distillation network

Chen Minghuil*, Lu Yanqil, Yang Wenyil, Wang Yuanzhu®, Shao Yi®
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Overall framework of MK-OCT

Overview: Optical coherence technology (OCT), which is widely used in the diagnosis of ophthalmic diseases, can
reconstruct three-dimensional cross-sectional images inside biological tissues through the mutual interference of weakly
coherent light. However, due to the inevitable scattering of weakly coherent light when it enters the tissue, there is
speckle noise in the OCT retinal image, which covers up the subtle and very important details in the image. Secondly,
unconscious movements such as eye movements (drift, tremors, and micro jumps), head movements, and
cardiopulmonary system during the image acquisition process can lead to artifacts in OCT images, affecting clinical
diagnosis and interfering with subsequent automated analysis of images. To solve the problem of existing OCT super-
resolution networks being solely focused on reconstruction accuracy and perceptual quality, reduce the model
complexity of the network, and be more suitable for clinical applications, this paper proposes a multi teacher knowledge
distillation network MK-OCT for OCT image super-resolution. Through knowledge distillation, the student network
can combine the different abilities of the teacher network to achieve balance, lightweight, and efficiency. At the same
time, an efficient channel distillation method ECD was proposed, which enables the student network to extract rich
channel attention information from the middle layer of the teacher network and transmit it to the middle layer of the
student network in the form of a loss function, improving model performance without increasing the parameters and
computational complexity of the student network. During the training process, both the student network and the
teacher network use low-resolution images as input, and after the three networks respectively obtain reconstructed
images, different loss functions are used to calculate the loss between the output images of each network. This allows the
student network to simultaneously learn both reconstruction accuracy and perceptual quality from the two teacher
networks. In addition, the student network additionally uses contrastive learning, which can provide external knowledge
with upper and lower bounds, reducing the optimization space for the OCT image super-resolution task, thereby further
improving the performance of the student network. We compared our model to five classic lightweight super-resolution
reconstruction models, namely SRCNN, CSD, IMDN, and RFDN. Experiments have verified the effectiveness and
superiority of MK-OCT in OCT image super-resolution reconstruction. At the same time, our research group also
conducted ablation experiments, which further confirmed the effectiveness of multi teacher knowledge distillation. The
generalization performance experiment also proves that the MK-OCT model has a good generalization ability.

Chen M H, LuY Q, Yang WY, et al. Super-resolution reconstruction of retinal OCT image using multi-teacher knowledge
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